Recent work has hinted at the linkage disequilibrium (LD) dependent architecture of 2 human complex traits, where SNPs with low levels of LD (LLD) have larger per-SNP 3 heritability after conditioning on their minor allele frequency (MAF). However, this has 4 not been formally assessed, quantified or biologically interpreted. Here, we analyzed 5 summary statistics from 56 complex diseases and traits (average N = 101,401) by 6 extending stratified LD score regression to continuous annotations. We determined that 7 SNPs with low LLD have significantly larger per-SNP heritability. Roughly half of the 8 LLD signal can be explained by functional annotations that are negatively correlated with 9 LLD, such as DNase I hypersensitivity sites (DHS). The remaining signal is largely 10 driven by our finding that common variants that are more recent tend to have lower LLD 11 and to explain more heritability (P = 2.38 x 10 -104 ); the youngest 20% of common SNPs 12 explain 3.9x more heritability than the oldest 20%, consistent with the action of negative 13 selection. We also inferred jointly significant effects of other LD-related annotations and 14 confirmed via forward simulations that these annotations jointly predict deleterious 15 effects. Our results are consistent with the action of negative selection on deleterious 16 variants that affect complex traits, complementing efforts to learn about negative 17 selection by analyzing much smaller rare variant data sets.
Introduction
deleterious effects of a variant. Our results implicate the action of negative selection on 1 deleterious variants that affect complex traits. 23 We applied our extension of stratified LD score regression to each of the 13 LD-related 24 annotations defined above, analyzing each annotation in turn. We meta-analyzed the 25 results across 31 independent traits (Figure 3a , Table S2 and Table S3 ). All annotations 26 except telomeres were highly significant after correction for multiple testing (Table S3) , 27 and eight of the remaining 12 annotations remained significant when fitted jointly (Table   28 S5 and Table S6 ). The predicted allele age ( * = -0.78, s.e. = 0.03; P = 6.27 x 10 -175 ) and 29 nucleotide diversity ( * = -0.78, s.e. = 0.04; P = 1.79 x 10 -79 ) annotations produced the 30 largest absolute standardized effect size. Interestingly, SNPs in high recombination rate Online Methods). We determined that this model produced similar results when using 1 different window sizes for windows-based annotations (e.g. recombination rate, 2 nucleotide diversity and CpG-content) or different data sources for recombination rate 3 ( Figure S5 ), when performing derived allele frequency (DAF) adjustment instead of 4 MAF adjustment, when using UK10K 29 (instead of 1000 Genomes) as the reference 5 panel ( Figure S6 ), and across different data sets for the same trait ( Figure S7 ). Predicted 6 allele age remains the annotation with the largest absolute standardized effect size ( * = -7 0.24, s.e. = 0.02; P = 1.08 x 10 -23 ), but its effect size decreased due to its high correlation 8 with the LLD-AFR annotation ( Figure S8 ). Effect sizes of LLD-AFR and CpG-content 9 increased, due to opposing effects with the recombination rate and background selection 10 statistic annotations. Effect sizes of the recombination rate, nucleotide diversity and 11 background selection statistic annotations decreased because they compete with each 12 other, and LLD and GC-content were no longer significant (after correction for multiple 13 testing) due to their high correlation with LLD-AFR and CpG-content, respectively 14 (Table S10 ). Psychiatric diseases and autoimmune diseases exhibited significantly 15 stronger effects for the predicted allele age and background selection statistic annotations, 16 respectively (Table S11) , possibly due to the role of selection at different time scales in 17 shaping the genetic architecture of these diseases 30, 31 . 18 To provide a more intuitive interpretation of the magnitude of the LD-related 19 annotation effects, we computed the proportion of heritability explained by each quintile 20 of each annotation in the baseline-LD model, and by each quintile of MAF for 21 comparison purposes ( Figure 4 , Table S9 , Table S12 , and Figure S9 ). These proportions 22 are computed based on a joint fit of the baseline-LD model, but measure the heritability 23 explained by each quintile of each annotation while including the effects of other 24 annotations-in contrast to standardized effect sizes * , which are conditioned on all 25 other annotations and measure the additional contribution of one annotation to the model. 26 The youngest 20% of common SNPs (based on MAF-adjusted predicted allele age) 27 explained 3.9x more heritability than the oldest 20%. This is even larger than MAF-28 dependent effects, in which the 20% of common SNPs with largest MAF (> 38%) explain 29 1.8x more heritability than the 20% with smallest MAF (< 10%). (We note that slightly 30 smaller heritability explained for less common variants is consistent with larger per-allele effect sizes for less common variants, as less common variants with the same per-allele 1 effect size explain less heritability in proportion to p(1-p); see Discussion for additional 2 comments on MAF-dependent effects.) The heritability explained by quintiles of 3 recombination rate was roughly flat (in contrast to * , which conditions on effects of 4 other annotations; Figure 3c ) due to the inclusion of opposing effects of the LLD-AFR 5 and CpG-content annotations (Table S13 and Table S14 ); we note that the effect of 6 recombination rate is dominated by its largest (5 th ) quintile (i.e. recombination rate 7 hotspots, Figure S10 ), explaining the significant decrease in heritability explained 8 between the 4 th and 5 th quintiles ( Figure 4 ). 9 10 LD-related annotations predict deleterious effects 11 Our finding that common variants that are more recent tend to explain more complex trait 12 heritability is potentially consistent with the action of negative selection on variants 13 affecting complex traits, since selection has had less time to eliminate recent weakly 14 deleterious variants. We hypothesized that our results for other LD-related annotations 15 might also be explained by the action of negative selection. To investigate this 16 hypothesis, we performed forward simulations 32 using a demographic model for African 17 and European populations 27 and a range of selection coefficients for deleterious variants 18 (see Online Methods). We jointly regressed the absolute value of the selection coefficient 19 against the allele age (now using true allele age instead of predicted allele age), LLD-20 AFR, recombination rate and nucleotide diversity annotations from the baseline-LD 21 model to assess whether these annotations are jointly predictive of deleterious effects (the 22 background selection statistic and CpG-content annotations could not be investigated as 23 they rely on empirical data). We observed that these four annotations were all significant 24 in the joint analysis ( Figure 5 and Table S15), with effect sizes roughly proportional to 25 the standardized effect sizes for trait heritability reported in Figure 3c . This suggests that 26 the joint impact of each of these annotations on trait heritability is a consequence of their 27 predictive value for deleterious effects. Indeed, consistent with theory, recent variants are 28 more likely to be deleterious since selection has had less time to remove them 33 , variants 29 in low recombination rate regions are more likely to be deleterious due to reduced 30 efficiency of selection (Hill-Robertson effect 28 ), and variants in low nucleotide diversity regions are more likely to be deleterious due to increased efficiency of selection in those 1 regions 34 . In addition, the LLD-AFR annotation contains information complementary to 2 allele age, recombination rate and nucleotide diversity; we note that LLD-AFR contains 3 roughly the same amount of information (i.e. the same effect) as LLD measured in an 4 ancestral population sampled just before the out-of-Africa event ( Figure S11 ). We further 5 determined that the predictive value of the nucleotide diversity annotation is contingent 6 on the non-homogeneous distribution of selection coefficients, and that the predictive 7 value of the LLD-AFR annotation is largely contingent on the out-of-Africa bottleneck, 8 as the LLD effect disappears in a constant population size model with a homogeneous 9 distribution of selection coefficients ( Figure S12 ). We finally note that we did not expect 10 our results for LD-related annotations to be a signature of positive selection on variants 11 affecting complex traits, as beneficial alleles tend to have increased LD 35 and more 12 efficient selection in high recombination rate regions 28 , each of which would be 13 inconsistent with the results in Figure 3c ; indeed, forward simulations involving 14 beneficial mutations confirmed that the LD-related annotations associated to per-SNP 15 heritability do not predict beneficial effects ( Figure S13 ).
Multiple LD-related annotations impact complex trait architectures

Discussion
1
In this study, we assessed the LD-dependent architecture of human complex traits by 2 extending stratified LD score regression 8 from binary to continuous annotations, an 3 approach that produces robust results in simulations. We determined that SNPs with low 4 LLD have larger per-SNP heritability across all 56 complex traits analyzed. More than 5 half of this signal can be explained by functional annotations that are negatively 6 correlated with LLD and enriched for heritability, such as DHS and histone marks. The 7 remaining signal is largely driven by MAF-adjusted predicted allele age, as more recent 8 alleles have larger per-SNP heritability in 55 out of the 56 complex traits analyzed, but 9 we also observed multiple jointly significant effects of other LD-related annotations. We 10 showed via forward simulations that all of these jointly significant effects are consistent 11 with the action of negative selection on deleterious variants. As noted above, recent 12 variants are more likely to be deleterious since selection has had less time to remove 13 them 33 , variants in low recombination rate regions are more likely to be deleterious due to Table S13 and Table   25 S14).
26
While negative selection has long been hypothesized to shape genetic diversity 24 , 27 and previous studies have emphasized the importance of allele age 21,36,37 and 28 recombination rate 16 , our study demonstrates the impact of negative selection on complex 29 traits on a polygenic genome-wide scale. Specifically, our results demonstrate that 30 common variants associated to complex traits are weakly deleterious, confirming a hypothesized relationship between the effect size of a variant and its selection coefficient 1 s (ref. [38] [39] [40] [41] ). One of the implications of this finding is that we expect larger per-allele 2 effect sizes for less common variants, consistent with only slightly smaller (per-SNP) 3 heritability explained ( Figure 4 ); this expectation also applies to rare variants, which we 4 do not analyze here. We note that although we have focused here on unsigned heritability 5 enrichment analyses, weakly deleterious derived alleles might systematically increase 6 disease risk; we caution that signed analyses to assess this may be susceptible to 7 confounding due to population stratification, as differences in demography may lead to 8 systematic differences in derived allele frequencies across subpopulations.
9
Our results on LD-dependent architectures have several implications for 10 downstream analyses. First, recent work has suggested that the problem of LD-related 11 bias in SNP-heritability estimates 11,12 could be addressed by modeling regional LD (LD-12 REG) in addition to MAF 13 . On the other hand, our baseline-LD model contains a 13 considerably larger number of parameters, increasing model complexity but more 14 accurately resolving the underlying signal; in particular, our results suggest that modeling 15 predicted allele age may be more informative than modeling regional LD ( Figure 4 ). (Table S18 ), suggesting that the CpG-content annotation might instead tag some 3 functional process absent from the baseline model; indeed, some of our LD-related 4 annotations could be viewed as proxies for currently unknown functional annotations.
5
Despite all of these limitations, our results convincingly demonstrate the action of 6 negative selection on deleterious variants that affect complex traits, complementing 7 efforts to learn about negative selection by analyzing much smaller rare variant data sets. 
Online Methods
1
Extension of stratified LD score regression to continuous annotations. 2 The derivation of stratified LD score regression using binary annotations has previously 3 been described 8 . Here, we extend the method to continuous-valued annotations. (2) where is a x matrix of standardized genotypes, = ! , … , ! is the vector of 8 per normalized genotype effect size, and = ! , … , ! is a mean-0 vector of residuals 9 with variance ! ! . Here, we are interested in modeling as a mean-0 vector whose 10 variance depends on continuous-valued annotations ! , … , ! :
where ! ( ) is the value of annotation ! at SNP , and ! represents the per-SNP 12 contribution of one unit of the annotation ! to heritability. This is a generalization of 13 stratified LD score regression 8 , with ! ( ) ∈ 0,1 if annotation ! has binary values. ( ! ! has mean 0 and variance ! ! / ). 18 We now consider the expectation of ! ! = ! ! . We can write
where the third equality holds because !" , ! , and ! ! are independent and and ! have 1 mean 0. Note that !" denotes the true correlation between SNPs and in the 2 underlying population and that !" is fixed throughout, so that !" and ! are independent 3 even though both depend on !" . In an unstructured sample, we have !"
is the LD score of SNP with respect to annotations ! . As 
We were interested in both comparing the estimated effect size of the different 10 annotations and meta-analyzing them across different traits. For this reason, we focused 11 on per-standardized annotation effect sizes ! * , defined as the additive change in per-SNP heritability associated to a 1 standard deviation increase in the value of the annotation, 1 divided by the average per-SNP heritability over all SNPs for the trait, and computed as 
Application of stratified LD score regression was performed using Finucane et al. 8 11 guidelines and was restricted to data sets of European ancestry. Reference SNPs, used to MAF adjustment and LLD annotations. 22 To investigate the LD-dependent architecture of human complex traits, it is essential to 23 account for the relationship between minor allele frequency (MAF) and LD. Indeed, 24 common variants have both higher LD scores and per-SNP heritability 5,9 . For this reason, 25 all of our stratified LD score regression analyses included 10 MAF bins coded as 10 26 binary annotations (all with MAF ≥ 0.05, see Table S20 ) in addition to an annotation 27 containing all SNPs.
28
To quantify the level of LD (LLD) of reference SNPs, we first computed LD 29 scores, defined as the sum of squared correlations of each SNP with all nearby SNPs in a 30 1 cM window, using the ldsc software. Then, we MAF-adjusted these values via MAF-stratified quantile normalization: for each MAF bin, LD scores were quantile normalized 1 to a normal distribution of mean 0 and variance 1. The LLD of rare variants (MAF < 2 0.05) was fixed to 0. Because stratified LD score regression is designed to quantify the 3 heritability explained by common SNPs, and the heritability explained by rare variants is 4 hypothesized to be relatively low 1,5,56 , we excluded rare variants from all MAF-adjusted 5 annotations. For the LLD model (Figure 1) , we thus modeled the variance of the per-6 normalized genotype effect size of SNP as:
where ! is an intercept term modeling the per-SNP contribution of each SNP to recombination rate on trait heritability operates over a long time scale; we thus used the Finally, telomeres and centromeres were defined using window sizes of 5, 10 and 8 15 Mb, as described by Smith et al. 15 . 9 We thus created 43 LD-related annotations in total (see Table S22 ). For 10 annotations computed with different windows sizes or using different data sources for 11 recombination rate, the one producing the most significant P value after conditioning on 12 the baseline model was selected as the primary annotation (Table S3 ). Except telomere 13 and centromere annotations that were not significant in this analysis, other annotations analyzing one LD-related annotation at a time. We note that this procedure did not affect 17 our final conclusions (see Figure S5 ).
19
Choice of traits for main analyses and meta-analysis. 20 Stratified LD score regression was applied to 29 publicly available GWAS summary 21 statistic data sets is 101,989). Analyses were restricted to traits for which the score of total SNP-28 heritability computed using the baseline model was at least 6 (Table S1 ). Traits displayed 29
in Figure 1 were selected by prioritizing them according to the total SNP-heritability, 30 excluding traits with absolute genetic correlation > 0.50 (ref. 20 ). Traits included in the meta-analyses were selected by prioritizing them according to the score of total SNP-1 heritability and excluding genetically correlated traits in overlapping samples by 2 measuring the intercept of cross-trait LD score regression 20 as previously described 8 . We 3 retained 31 independent traits (average N = 84,686, Table S1 ) and performed random-4 effects meta-analyses using the R package rmeta. To ensure that applying our extension of stratified LD score regression to continuous LD- Table S25 ). Table S2 . Error bars represent jackknife 95% confidence intervals. Table S4 . Table S3 for (a) and (b), and Table S8 for (c).
10
Numerical results for all 56 complex traits are reported in Table S2 for (a), Table S7 for Numerical results are reported in Table S12 . Results for all 56 complex traits are reported 5 in Figure S9 and Table S9 . Error bars represent jackknife standard errors around the Table S23 . Results for simulations with causal SNPs that are absent from the 8 reference panel are reported in Figure S15 and Table S25 . 
